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Abstract
Background: Patient portals are widely adopted in the United States and allow millions of patients access to their electronic
health records (EHRs), including their EHR clinical notes. A patient’s ability to understand the information in the EHR is dependent
on their overall health literacy. Although many tests of health literacy exist, none specifically focuses on EHR note comprehension.
Objective: The aim of this paper was to develop an instrument to assess patients’ EHR note comprehension.
Methods: We identified 6 common diseases or conditions (heart failure, diabetes, cancer, hypertension, chronic obstructive
pulmonary disease, and liver failure) and selected 5 representative EHR notes for each disease or condition. One note that did
not contain natural language text was removed. Questions were generated from these notes using Sentence Verification Technique
and were analyzed using item response theory (IRT) to identify a set of questions that represent a good test of ability for EHR
note comprehension.
Results: Using Sentence Verification Technique, 154 questions were generated from the 29 EHR notes initially obtained. Of
these, 83 were manually selected for inclusion in the Amazon Mechanical Turk crowdsourcing tasks and 55 were ultimately
retained following IRT analysis. A follow-up validation with a second Amazon Mechanical Turk task and IRT analysis confirmed
that the 55 questions test a latent ability dimension for EHR note comprehension. A short test of 14 items was created along with
the 55-item test.
Conclusions: We developed ComprehENotes, an instrument for assessing EHR note comprehension from existing EHR notes,
gathered responses using crowdsourcing, and used IRT to analyze those responses, thus resulting in a set of questions to measure
EHR note comprehension. Crowdsourced responses from Amazon Mechanical Turk can be used to estimate item parameters and
select a subset of items for inclusion in the test set using IRT. The final set of questions is the first test of EHR note comprehension.
(J Med Internet Res 2018;20(4):e139)   doi:10.2196/jmir.9380
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Introduction
Background and Significance
Providing patients access to their medical records through
personal health records (PHRs) is becoming more common as
physicians move to electronic health record (EHR) systems.
PHRs are defined as “electronic, lifelong resource of health
information needed by individuals to make health decisions”
[1]. Providing patients direct access to their EHR clinical notes
can enhance patients’ understanding of their clinical conditions
and improve their health care outcomes [2-4]. For example, the
Veterans Health Administration offers the My HealtheVet PHR
through a Web-based patient portal, which allows millions of
veterans to view their EHRs [5]. These records include both
structured (eg, patient vitals) and unstructured data (eg,
discharge summaries and clinical notes). However, patients with
limited health literacy may struggle to understand the content
of their medical notes, which can include visit summaries with
medical terms, lab reports, and terms and phrases that are not
common outside of medicine. A patient’s health literacy can
have an impact on their desire to engage with their own PHR
[6,7].
Low health literacy can impact a patient’s ability to
communicate with their health care providers and to navigate
and understand complex EHR information. Health literacy is
defined by the Institute of Medicine as “the degree to which
individuals have the capacity to obtain, process, and understand
basic information and services needed to make appropriate
decisions regarding their health” [8]. According to the National
Assessment of Adult Literacy, only 12% of adults are proficient
in health literacy [9]. The average American reads at or below
an eighth grade level, and over 90 million Americans have
limited health literacy [9]. Moreover, 50% of patients do not
understand at least one term in their medical problem list
[8,10,11]. In addition, EHR notes do not align well with existing
readability prediction formulas, making it difficult to estimate
EHR note readability [12]. Consider the following example,
taken from a de-identified EHR clinical note: “The monitor has
not shown any dysrhythmias or arrhythmia either prior to or
during any of his spells. ” A patient might struggle to understand
the medical terms dysrhythmias and arrhythmia and might not
understand what the monitor is or what prior to or during any
of his spells is referring to.
Low health literacy can lead to serious problems. For example,
low health literacy was shown to be independently associated
with an increase in mortality among the elderly [13]. A recent
assessment of health literacy involving over 400 Veterans found
that 87% of Veterans have low health literacy [14]. Most health
care consumers do not understand phrases often used in cancer
consultations [15]. Patients understand less than 30% of medical
terms commonly used in the emergency department [16].
Patients with low health literacy are more likely to lack
awareness of their atrial fibrillation diagnosis [17] and are at
higher risk for increased fear of cancer progression [18].
Objective
Given the prevalence of low health literacy in the population,
tools that effectively assess a patient’s health literacy are needed
for both research and practice. Of the existing instruments, 3
that are widely used are the Rapid Estimate of Adult Literacy
in Medicine (REALM), the Test of Functional Health Literacy
in Adults (TOFHLA), and the Newest Vital Sign (NVS) [19-21].
Each of these has value, but also limitations. For example,
REALM can be administered in 2 to 3 min, but it assesses word
recognition, not comprehension [19]. TOFHLA assesses reading
comprehension and numeracy using passages from health
care–related documents, hospital forms, and prescription labels
[20]; a short version of TOFHLA reduced the administration
time from 22 min to 12 min [22]. NVS contains 6 items tied to
a single stimulus (a food label) and can be administered in 3
min. It was intended as a screening tool and is less appropriate
for generating scores that discriminate between different levels
of health literacy in patients [21,23]. Taken together, these tests
can provide information on a patient’s general health literacy,
but none assesses a patient’s ability to comprehend EHR notes.
The purpose of this study was to create an instrument to measure
EHR note comprehension in patients. We first identified a set
of representative EHR notes for 6 diseases and conditions from
a large hospital EHR system. From these notes, a group of
physicians and medical researchers generated questions using
the Sentence Verification Technique (SVT) [24-26]. We
obtained responses for these questions from the crowdsourcing
platform Amazon Mechanical Turk (AMT) and analyzed the
results using item response theory (IRT) [27-30] to select a
subset of questions for a test of EHR note comprehension. To
the best of our knowledge, the ComprehENotes question set is
the first instrument to assess EHR note comprehension.
Methods
Overview
The goal of this work was to develop a set of questions that
could be used to test patient EHR note comprehension. To that
end, we developed a process for note selection, question
generation, and question selection and validation (Figure 1).
We discuss each step in detail in the following sections.
Electronic Health Record Note Selection
We selected notes according to the International Classification
of Disease codes associated with 6 important and common
diseases: heart failure (428), hypertension (401), diabetes (249,
250), chronic obstructive pulmonary disease (COPD; 493.2,
491, 492, 494, 496, 506), liver failure (571), and cancer
(140-239). By selecting notes from multiple diseases, our goal
was to obtain a variety of notes associated with common diseases
to generate questions across multiple topics.
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Figure 1. Visualization of the question generation and validation process. COPD: chronic obstructive pulmonary disease; EHR: electronic health record;
ICD-9: International Classification of Disease-9; IRT: item response theory.
We retrieved EHR discharge summary and progress notes from
the University of Massachusetts Memorial Hospital EHR system.
Progress notes provide information regarding a patient’s
conditions and treatments, whereas discharge notes may include
a summary of the patient’s visit, necessary patient follow-up,
and other information. These types of notes include information
that is relevant to patients and are good candidates for question
generation. For each disease, we randomly selected 1000 notes.
As the EHR notes vary significantly in length (anywhere from
50 words to over 1500 words), we limited the note selection to
notes between 300 and 1000 words long. Notes that are longer
than 1000 words often contain duplicate information or large
tables of lab results, with few free-text section from which we
can generate questions. We annotated each note with the
MetaMap [31], a toolkit developed by the National Library of
Medicine, to map the note to Unified Medical Language System
(UMLS) concepts [32]. For each category, we ran topic
modeling on the 1000 notes using the UMLS concepts that were
identified by MetaMap and hierarchically clustered the notes
into 5 clusters based on topic similarities. Finally, we selected
1 representative note (the note with the most UMLS concepts)
from each cluster. By selecting the note with the most concepts,
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our goal was to identify those notes with the most information
that could be used as part of the question generation process.
This procedure resulted in a total of 30 notes, with 5 notes per
disease. We discarded 1 cancer note because the physicians
identified it as a pure lab test report that did not include any
natural language text.
Generating Questions With Sentence Verification
Technique
We asked experts to create question-answer sets by following
these 2 steps: (1) identifying important content in the notes and
(2) creating comprehension test questions. Specifically, the
selected 29 de-identified notes were provided to 5 groups. Each
group included 1 physician and 2 to 3 nonclinician researchers
(a total of 4 physicians and 13 researchers, where 1 physician
participated in 2 groups). The groups were given an introduction
to the SVT methodology before taking part in the exercise. Each
member read every assigned EHR note and then identified
important content (usually a sentence). Each member then
followed the SVT protocol to create question-answer sets for
the identified content.
SVT is a procedure for generating reading comprehension items
to evaluate whether an individual has understood a passage of
text [24,33,34]. SVT has been applied in many different reading
comprehension environments, such as basic language research
[35], evaluating the effect of prior beliefs on comprehension
[36], and assessing language skills of non-native English
speakers [37]. In addition, SVT has been used to develop tests
to assess comprehension of cancer screening and prevention
messages [25,26]. SVT tests are sensitive to both differences
in reading skill and text difficulty. Tests using SVT questions
have been shown to be effective for measuring reading
comprehension and for assessing comprehension of written and
spoken health messages [25,26].
An SVT test is designed by taking a sentence or phrase from a
passage of text (the original) and generating 3 additional
sentences or phrases: (1) a paraphrase, where as much of the
sentence or phrase is changed as possible while preserving the
original meaning, (2) a meaning change, where the original
sentence or phrase is changed slightly but enough that the
original meaning is changed, and (3) a distractor, which is
unrelated to the original but still consistent with the passage
theme [24].
Once generated, the question-answer sets were then discussed
in the group and a final question-answer set was agreed upon.
From the 29 EHR notes, 154 question-answer sets were
generated. Table 1 shows examples of question-answer sets
generated by the groups, and Textbox 1 shows how these
questions would be presented to patients in a test scenario. We
selected 83 of the 154 questions for further analysis. Questions
were selected based on their content. We manually selected
questions that were generally relevant to the main topic (eg,
diabetes) over questions that were very specific to a patient’s
note to keep the question set general enough to be given to future
patients. We retained 11 to 13 question-answer sets for 4 of the
6 topics and 18 question-answer sets for COPD and diabetes.
Data Collection
To gather enough human responses to fit the IRT model, we
recruited participants from AMT. AMT is a Web-based
microtask crowdsourcing platform where individuals (called
Turkers) perform Human Intelligence Tasks (HITs) in exchange
for payment. HITs are usually pieces of larger, more complex
tasks that have been broken up into multiple, smaller subtasks.
AMT and other crowdsourcing platforms are used to build large
corpora of human-labeled data at low cost compared with using
expert annotators [38,39]. Researchers’ projects have used AMT
to complete a variety of tasks [40,41]. Recent research has
shown that AMT and other crowdsourcing platforms can be
used to generate corpora for clinical natural language processing
and disease mention annotation [41,42]. AMT was used to detect
errors in a medical ontology, and it was found that the crowd
was as effective as the domain experts [43]. In addition, AMT
workers were engaged in identifying disease mentions in
PubMed abstracts [42] and rank adverse drug reactions in order
of severity [44] with good results.
We created 6 comprehension tasks on AMT, 1 per disease topic,
to analyze each topic separately. Each task was completed by
250 Turkers, who were presented with the test questions, 1
question at a time. This sample size is large enough to satisfy
the accepted standards for IRT models based on the noncentral
chi-square distribution [45]. We collected demographic
information from the Turkers before administering the test
questions, and we implemented several quality control
mechanisms to ensure the quality of the Turker results. Only
Turkers with approval rates above 95% and located in the United
States were able to participate. The 95% approval rate identifies
Turkers who have been approved most of the time according
to their completion of other tasks on AMT and is indicative of
the high quality of their previous tasks. Restricting the task to
users located in the United States is used as a proxy for English
proficiency. In addition, in each test, 1 question was randomly
selected as a quality-check question and was presented to the
Turker twice during the course of the evaluation. If the Turker
gave 2 different answers to the repeated question, their responses
were not included in later analyses. Two simple questions were
also added to the test as quality control. If the Turker answered
1 or both of the quality control questions incorrectly, their
responses were rejected from consideration and not included in
later analyses.
For the COPD and diabetes tests, the 18 questions were split
into 3 groups of 6 questions. Each Turker was given a random
selection of 2 of the 3 groups. In this way, the test lengths were
similar to the other disease topic tests, and the conditions in
which Turkers provided responses were consistent across the
groups. For the COPD and diabetes tasks, we recruited 400
Turkers so that the number of responses per question was
consistent with the other topics.
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Table 1. Examples of questions generated from the researcher and physician groups.
DistractorMeaning changeParaphraseOriginal statement from EHRa notes
The monitor has shown abnormal
heart rhythms before and during his
spells
He has had abnormal rhythm before
or during his spells of chest pain
His heart rhythm is normal before
and during his fainting spells
The monitor has not shown any
dysrhythmias or arrhythmia either
before or during any of his spells
Shortness of breath has many causesShe visited the clinic due to short-
ness of iron
She went to the hospital for trouble
breathing
Patient recently presented to the
hospital with shortness of breath
aEHR: electronic health record.
Textbox 1. Examples of how the generated questions would be displayed as a questionnaire, using the examples from Table 1.
Please read the following question and then examine the answer choices and choose the answer that best represents the question text.
What does the following sentence mean? “The monitor has not shown any dysrhythmias or arrhythmia either prior to or during any of his spells.”
1. He has had abnormal rhythm before or during his spells of chest pain.
2. The monitor has shown abnormal heart rhythms before and during his spells.
3. His heart rhythm is normal before and during his fainting spells.
What does the following sentence mean? “Patient recently presented to the hospital with shortness of breath.”
1. Shortness of breath has many causes.
2. She went to the hospital for trouble breathing.
3. She visited the clinic due to shortness of iron.
Item Analysis and Selection Using Item Response
Theory
After data collection, the Turker responses were analyzed using
a 3-parameter logistic (3PL) IRT model. IRT [27,46] is one of
the most widely used approaches for item evaluation and test
construction [29,30,47]. For example, the Patient Reported
Outcomes Measurement Information System funded by the
National Institutes of Health has used IRT to characterize item
banks and to support computerized adaptive testing [28].
In IRT, a statistical model jointly models an individual’s
responses to individual test items with a person’s ability level
and the item’s features [27]. IRT models make several
assumptions: (1) people differ from each other on an unobserved
latent dimension of interest (usually called ability); (2) the
probability of correctly answering a particular item is a function
of the latent ability dimension (the item characteristic curve,
ICC); (3) responses to individual items are independent of each
other for a given ability level of a person (the local independence
assumption); and (4) responses from different individuals are
independent of each other. There are a variety of IRT models;
one of the models widely used is the 3PL model. In the 3PL
model, ICC is assumed to follow a logistic function with a
nonzero lower asymptote:
In the above equation, pij is the probability that person j answers
item i correctly, and θj is the ability level of individual j. In this
work, θ represents the ability of an individual on the task of
EHR note comprehension. As individual persons are assumed
to be sampled from a population, their ability levels are assumed
to be a random effect with a normal distribution. There are also
3 item parameters: the guessing parameter ci is the lower
asymptote of the ICC curve and represents the probability of
guessing, the difficulty parameter bi is the level of ability that
produces a chance of correct response equal to the average of
the upper and lower asymptotes, and the slope or discrimination
parameter ai is related to the steepness of the curve.
The 3PL model was fit to data for each set of questions using
the open source software R packages mirt and ltm [48,49].
Marginal residuals of each pair of items and each triplet of items
were checked, and items that gave large residuals were removed
for violation of local independence. Items with a negative slope
were also removed. Guessing parameters not significantly
different from 0 were set to 0. A key parameter used to identify
a good question for future evaluations is the slope of ICC. If
the slope is flat, then the item cannot distinguish between
individuals of high ability levels and individuals of low ability
levels. After refitting the remaining items, items with a slope
parameter not significantly greater than 0 or less than 0.71 were
removed. The value 0.71 corresponds to a communality of 0.15
in an exploratory factor analysis, which means that 15% of the
variance of the item would be explained by the latent ability
factor if the item were continuous. We retained 55 items in this
analysis for further validation. From the 55 items, we also
identified 14 of the 55 items with the largest slopes
(discrimination parameters) and highest average information
for inclusion in the short form of the test. The short test should
be as informative as possible while reducing the length of the
test, making it more practical to administer.
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Confirmatory Evaluation of Item Quality Using Item
Response Theory
The questions retained from the initial IRT analysis were
combined into a single test and deployed in a new AMT task
to validate the item parameters. For this task, we split the 55
retained questions into 3 groups (each of 18-19 questions) and
created 3 AMT tasks in which Turkers were shown 2 of the 3
groups and asked for responses as above. Quality checks were
included as in the first set of AMT tasks. For these tasks, Turkers
who participated in the initial data collection were excluded.
Responses were generated and a second round of IRT analysis
was performed to confirm that the questions retained from the
first round could be considered a cohesive test of EHR note
comprehension as a whole.
Results
Amazon Mechanical Turk Responses and Turker
Demographics
We first report descriptive statistics and demographic
information about the Turkers who completed the per-topic and
validation AMT tasks (Figure 2; Table 2). Responses for both
the per-topic and validation tasks covered a wide range of
correctly answered questions. Mean scores for the cancer,
COPD, diabetes, heart failure, hypertension, liver failure, and
validation tasks were 69% (7.6/11), 78% (9.4/12), 88%
(10.6/12), 70% (8.4/12), 78% (8.6/12), 79% (10.3/13), and 85%
(31.4/37), respectively. Across all tasks, no more than 10.8%
(27/250 for the heart failure task) of responses were removed
because of quality control checks.
We also looked at raw scores and estimated ability in the
validation task to see whether there were patterns in the
responses that matched expected behavior (Table 3). As
expected, mean scores for individuals with more education are
higher than for individuals with less education. In addition,
Turkers over 45 years score higher on average than Turkers
under 45 years. There is a slight drop in mean scores for Turkers
aged over 65 years, which makes sense given that adults aged
65 years and older have lower health literacy on average [9].
Item Response Theory Analysis
Item Selection Using Item Response Theory
Of the 83 questions provided to Turkers in the per-topic AMT
tasks, 55 (66%) were retained after the initial IRT analysis
(Figure 3). Items were identified for removal according to the
procedure identified in the Methods section.
Figure 2. Box plots of Turker scores on the AMT per-topic and validation tasks. The center rectangles span the range from the first quartile to the third
quartile of responses, and the bolded line inside each box represents the median score. Open circles indicate outlier scores. In the cancer plot, the upper
and lower horizontal lines indicate the maximum and minimum scores, respectively. For all others, the lower horizontal line is 1.5 times the interquartile
range below the first quartile. Average raw score is above 69% in all cases. Counts indicate the number of AMT responses retained after quality-control.
AMT: Amazon Mechanical Turk; COPD: chronic obstructive pulmonary disease.
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Table 2. Demographic information of Turkers from the per-topic and validation Amazon Mechanical Turk tasks.
Validation task count (N=660), n (%)Per-topic tasks count (N=1694), n (%)Demographic characteristic
Gender
250 (37.9)880 (51.95)Male
411 (62.1)814 (48.05)Female
Race
58 (8.8)107 (6.32)African American
51 (7.7)163 (9.62)Asian
32 (4.8)89 (5.25)Hispanic
12 (1.8)7 (0.41)American Indian
0 (0)9 (0.53)Pacific Islander
507 (76.8)1319 (77.86)White
Highest level of education
4 (0.6)17 (1.00)Less than high school
189 (28.6)504 (29.75)High school degree
108 (16.4)283 (16.71)Associate’s degree
256 (38.8)697 (41.15)Bachelor’s degree
103 (15.6)193 (11.39)Master’s degree or higher
Age in yearsa
12 (1.8)N/Ab18-21
330 (50.0)N/A22-34
158 (23.9)N/A35-44
106 (16.1)N/A45-54
39 (5.9)N/A55-64
15 (2.3)N/A65 and older
aAge demographic information was not collected as part of the per-topic Amazon Mechanical Turk tasks.
bN/A: not applicable.
Table 4 shows examples of retained and removed items. In the
case of the removed item, the question simply defining the term
Osteoporosis was too easy for the Turker population. That is,
most of the Turkers answered the question correctly, and thus,
the probability of answering the question correctly is very high
even at low levels of ability. A question like this does not give
us any information about an individual’s ability and therefore
is not needed in the test set.
The test information curve is presented in Figure 4. Test
information is defined as the reciprocal of the squared SE of
the ability estimate: I=1/ σ2, where σ is the SE [27]. Test
information measures how accurate the ability estimates are at
varying levels of ability. Given that most items have negative
difficulty, the information curve has high values in the negative
ability levels. That is, estimates of ability for negative ability
levels are more accurate. Test information is greater than 4 for
the range of ability levels between −2.8 and 0.7, which means
for this range of ability levels (from 2.8 SDs below to 0.7 SD
above the average of the population of AMT users), SE of an
ability estimate is smaller than 0.5. The full test is most
informative in ability around −2 with maximum information of
44.2 (Figure 4, red dotted line). This maximum is mostly
because of a single item (44) with the largest slope of 11.3. Due
to the very large slope parameter, this item is very informative
around ability of −2 but is not informative at other areas of
ability. As one goal of the test is to identify individuals with
low ability, this item may be useful and is therefore included
in our test set. However, we also wanted to confirm that the
other test questions are still informative in their own right. To
do this, we plotted the test information curve without item 44.
Without this item, the item information curve is most
informative around −1.5, with a maximum of 30.6 (Figure 4,
black solid line). The maximum information of each item, its
location in the ability spectrum, and the average information in
the range between −4 and 4 are also summarized in Multimedia
Appendix 1. The test information curve of the short test is also
presented in Figure 4. The short test includes item 44, and thus,
we also plot information for a 13-item test without item 44. For
the short test, test information is greater than 4 (ie, SE of ability
estimate is smaller than 0.5) in the range between −2.4 and −0.5,
or 2.4 SDs to 0.5 SD below the average AMT user, again
appropriate for a population of low literacy.
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Table 3. Average estimated ability of Turkers according to demographic information for the validation task.
Average estimated abilityMean correct, %Demographic characteristic
Education
−0.89964.7Less than high school
−0.03884.9High school degree
−0.01383.8Associate’s degree
−0.03483.8Bachelor’s degree
0.19988.1Master’s degree or higher
Age in years
−0.49377.418-21
−0.04283.722-34
−0.06683.635-44
0.22245-54
88.3
0.21289.455-64
−0.12285.965 and older
Gender
−0.23680.6Male
0.14387.2Female
Figure 3. Results of analysis to identify useful items from the question sets. Items were removed according to the reasons outlined in the Methodology
section. COPD: chronic obstructive pulmonary disease.
Table 4. Examples of retained and removed questions following item response theory analysis.
DistractorMeaning changeParaphraseQuestionItem Retention Decision
Pegfilgrastim may prevent
neutropenia
Pegfilgrastim 6 mg epidermal
one dose
Do an under skin injection
of one dose of 6 mg pegfil-
grastim
Pegfilgrastim 6 mg subcuta-
neous one dose
Retained
Some bones get hard and
some weak
Hardening of bones as we get
older
Weakness in bonesOsteoporosisRemoved
J Med Internet Res 2018 | vol. 20 | iss. 4 | e139 | p.8http://www.jmir.org/2018/4/e139/
(page number not for citation purposes)
Lalor et alJOURNAL OF MEDICAL INTERNET RESEARCH
XSL•FO
RenderX
Figure 4. Test information curve for the full ComprehENotes instrument (55 items) and various subsets.
Discussion
Principal Findings
The goal of this project was to develop an instrument to assess
patients’ ability to comprehend content in EHR notes. To that
end, we developed a process for identifying relevant EHR notes,
creating a large question set and reducing the question set to a
reasonable size using IRT. We generated questions from EHR
notes using SVT and administered them to a population of crowd
workers using AMT. We then used IRT to estimate the item
parameters and select a subset of items for our instrument. The
final test measures a patient’s ability to read and comprehend
EHR notes. These questions are general enough to be applicable
to a wide variety of individuals while still being grounded in
specific medical concepts as a result of the hierarchical
clustering process.
In contrast with existing tests of health literacy, ComprehENotes
was developed by generating questions directly from real patient
de-identified EHR notes. Key concepts from the notes were
identified by physicians and medical researchers as part of the
question generation process. These concepts were deemed
important for patients to understand, and the test questions were
designed to assess comprehension of these concepts. The
ComprehENotes test is the first to directly assess a key element
of health literacy, that is, the ability to read and comprehend
EHR notes. (To obtain the test, please contact the authors.)
The test is most informative at low levels of ability (Figure 4),
which is consistent with our long-term goal of identifying
patients with low EHR note comprehension ability. Although
the test was easy for the AMT workers, the demographics show
that those individuals are not representative of demographics
at higher risk of low health literacy (eg, low education and the
elderly). Those AMT workers who did fit in the demographics
that are more likely to have low health literacy did perform
worse in terms of average ability (Table 3). The number of
Turkers in those groups was low compared with other
demographic groups (Table 2), and thus, more evaluation with
individuals with higher likelihood of low health literacy is
required. Most of the questions have low difficulty estimates,
which makes the test appropriate for screening for low health
literacy. It is important to note that the ability estimates are
based on the responses of the AMT workers. If we were to fit
a new IRT model using response patterns from a patient
population, ability estimates of future test takers would be with
respect to the patient population. This does not affect the test
itself but only how the ability estimates are interpreted. Using
the test as developed here, new response patterns are scored and
compared with the average AMT user.
We also identified items from our instrument that can be used
in a short test to reduce administration time while still being
informative. The short test reduces the number of items from
55 to 14 while still being very informative at low levels of
ability. This short test can be administered more quickly than
the full test while still being informative at low levels of ability.
Limitations
There are limitations with this work. Fitting IRT models requires
a large number of human responses to a relatively small number
of questions. The length of the question set must be short to
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avoid a drop in response quality due to boredom or fatigue.
Although the cost of gathering a large number of responses is
reduced by using AMT or other crowdsourcing platforms,
scaling the number of questions that can be analyzed with IRT
remains a challenge.
The groups of physicians and medical researchers who generated
our question sets are not experts in question generation using
SVT. However, before the task, they all received training on
what SVT is and how to construct questions using the
methodology. In addition, we manually selected a subset of the
questions that were generated for IRT analysis and validation.
In this way, we were able to identify a set of questions that could
be generalized to a test set. The IRT validation confirmed that
a set of questions was appropriate as a test of EHR note
comprehension.
The demographics of Turkers that took part in our tasks are not
representative of the entire US population, and in particular, do
not cover groups with low average health literacy (eg, minorities,
people with less than a high school degree, older adults) [9].
However, all but 1 of the questions included in the final question
set have difficulty parameters less than or equal to 0. These
questions therefore will be appropriate to test ability for
individuals with low EHR note comprehension ability. Future
work should validate that the questions are in fact appropriate
for individuals with low health literacy.
The full ComprehENotes test is long at 55 questions. The length
makes it impractical to administer in clinical settings because
of the time needed to complete the test. However, we have also
identified a short test of 14 items that can be administered in a
short period of time. The 14-item test includes items with the
largest slope parameters and average information. The short
test is still informative at levels of ability below 0, which is
appropriate given that the goal of developing this test was to
identify individuals with poor EHR note comprehension ability.
Conclusions and Future Work
The ComprehENotes question set is an instrument for measuring
EHR note comprehension. Validation of the metric as compared
with existing tests of health literacy is still required. During a
pilot version of our AMT task, we asked participants to complete
the Short Test of Functional Health Literacy in Adults
(STOFHLA) as well as our test and found that all the
respondents scored a perfect score (36) or answered 1 question
wrong on the STOFHLA and were therefore considered to have
Adequate Health Literacy according to the STOFHLA scoring.
Comparing this metric to existing tests such as REALM or
TOFHLA in a population with low health literacy is an important
future work to validate the metric as a valid measure of health
literacy. In addition, further analysis of how different groups
perform on this question set can inform how EHR notes are
provided to patients and what types of educational materials
should be provided to patients.
The ComprehENotes test can be administered to patients as is
to assess EHR note comprehension ability. As the questions are
associated with certain diseases and conditions, subsets of the
test can also be administered independently to test EHR note
comprehension in specific patient populations. For example,
the questions associated with liver failure can be extracted and
administered as a standalone test to assess EHR note
comprehension in liver failure patients. In this way, questions
specific to certain diseases can be used to test comprehension
among patient populations where the terms are more likely to
appear.
Finally, this work is a first step toward being able to evaluate
patients’ understanding of their health based on information
directly contained in their own EHR. We have shown that it is
possible to develop a test of health literacy from questions
obtained from EHR notes. Automating steps of the question
generation and validation processes with clinical natural
language processing tools are interesting directions for future
work. For example, one such step would be to build an NLP
model to generate questions for a specific patient given his or
her own EHR note text. The model can be trained on the
ComprehENotes questions to identify information that would
be relevant for generating good questions. These personalized
questions can be administered to patients to evaluate their ability
to read and comprehend their own notes.
 
Acknowledgments
The authors would like to thank Yang Liu from the University of Maryland for his suggestions regarding IRT analysis. The
authors thank Jinying Chen for selecting EHR notes and the following researchers and doctors who participated in the question
generation: Elaine Freund, Weisong Liu, Jinying Chen, Victoria Wang, Shreya Makkapati, Don Liang, Tianyang Wang, Jonathan
Gatley, Abhyuday Jagannatha, Dong Chen, Jiaping Zheng, Francisco Garcia, Sonali Harchandani, Barinder Hansra, Andrew Hsu,
German Chiriboga, Edgard Granillo, and Benjamin Helfand. The authors also thank the anonymous Turkers who participated in
the AMT tasks. This work was supported in part by the Investigator Initiated Research 1I01HX001457 from the Health Services
Research & Development Program of the US Department of Veterans Affairs and in part by a startup fund from the University
of Massachusetts Medical School, both to Hong Yu. The content is solely the responsibility of the authors and do not represent
the views of the US Department of Veterans Affairs, the US Government, or the University of Massachusetts Medical School.
Conflicts of Interest
None declared.
J Med Internet Res 2018 | vol. 20 | iss. 4 | e139 | p.10http://www.jmir.org/2018/4/e139/
(page number not for citation purposes)
Lalor et alJOURNAL OF MEDICAL INTERNET RESEARCH
XSL•FO
RenderX
Multimedia Appendix 1
Table of item parameter estimates and item information in the validation sample.
[PDF File (Adobe PDF File), 44KB - jmir_v20i4e139_app1.pdf ]
References
1. Burrington-Brown J, Fishel J, Fox L, Friedman B, Giannangelo K, Jacobs E, AHIMA e-HIM Personal Health Record Work
Group. Defining the personal health record. AHIMA releases definition, attributes of consumer health record. J AHIMA
2005 Jun;76(6):24-25. [Medline: 15986557]
2. Ross SE, Lin CT. The effects of promoting patient access to medical records: a review. J Am Med Inform Assoc 2003
Apr;10(2):129-138. [Medline: 12595402]
3. Honeyman A, Cox B, Fisher B. Potential impacts of patient access to their electronic care records. Inform Prim Care
2005;13(1):55-60 [FREE Full text] [Medline: 15949176]
4. Delbanco T, Walker J, Bell SK, Darer JD, Elmore JG, Farag N, et al. Inviting patients to read their doctors' notes: a
quasi-experimental study and a look ahead. Ann Intern Med 2012 Oct 2;157(7):461-470. [doi:
10.7326/0003-4819-157-7-201210020-00002] [Medline: 23027317]
5. Nazi KM, Hogan TP, McInnes DK, Woods SS, Graham G. Evaluating patient access to electronic health records: results
from a survey of veterans. Med Care 2013 Mar;51(3 Suppl 1):S52-S56. [doi: 10.1097/MLR.0b013e31827808db] [Medline:
23407012]
6. Noblin AM, Wan TT, Fottler M. The impact of health literacy on a patient's decision to adopt a personal health record.
Perspect Health Inf Manag 2012;9:1-13. [Medline: 23209454]
7. Irizarry T, DeVito Dabbs A, Curran CR. Patient portals and patient engagement: a state of the science review. J Med Internet
Res 2015 Jun 23;17(6):e148 [FREE Full text] [doi: 10.2196/jmir.4255] [Medline: 26104044]
8. Nielsen-Bohlman L, Panzer AM, Kindig DA, editors. Health literacy: a prescription to end confusion. Washington, DC:
National Academies Press; 2004.
9. Kutner M, Greenburg E, Jin Y, Paulson C. Nces.ed. 2006. The health literacy of America’s adults: Results from the 2003
National Assessment of Adult Literacy URL: https://nces.ed.gov/pubsearch/pubsinfo.asp?pubid=2006483 [accessed
2017-05-15] [WebCite Cache ID 6yCzjJCua]
10. Jones RB, McGhee SM, McGhee D. Patient on-line access to medical records in general practice. Health Bull (Edinb) 1992
Mar;50(2):143-150. [Medline: 1517087]
11. Lober WB, Zierler B, Herbaugh A, Shinstrom SE, Stolyar A, Kim EH, et al. Barriers to the use of a personal health record
by an elderly population. AMIA Annu Symp Proc 2006:514-518. [Medline: 17238394]
12. Zheng J, Yu H. Readability formulas and user perceptions of electronic health records difficulty: a corpus study. J Med
Internet Res 2017 Mar 2;19(3):e59 [FREE Full text] [doi: 10.2196/jmir.6962] [Medline: 28254738]
13. Sudore RL, Yaffe K, Satterfield S, Harris TB, Mehta KM, Simonsick EM, et al. Limited literacy and mortality in the elderly:
the health, aging, and body composition study. J Gen Intern Med 2006 Aug;21(8):806-812. [doi:
10.1111/j.1525-1497.2006.00539.x] [Medline: 16881938]
14. Schapira MM, Fletcher KE, Hayes A, Eastwood D, Patterson L, Ertl K, et al. The development and validation of the
hypertension evaluation of lifestyle and management knowledge scale. J Clin Hypertens (Greenwich) 2012 Jul;14(7):461-466.
[doi: 10.1111/j.1751-7176.2012.00619.x] [Medline: 22747619]
15. Chapman K, Abraham C, Jenkins V, Fallowfield L. Lay understanding of terms used in cancer consultations. Psychooncology
2003 Sep;12(6):557-566. [doi: 10.1002/pon.673] [Medline: 12923796]
16. Lerner EB, Jehle DV, Janicke DM, Moscati RM. Medical communication: do our patients understand? Am J Emerg Med
2000 Nov;18(7):764-766. [doi: 10.1053/ajem.2000.18040] [Medline: 11103725]
17. Reading SR, Go AS, Fang MC, Singer DE, Liu IA, Black MH, Anticoagulation and Risk Factors in Atrial
Fibrillation–Cardiovascular Research Network (ATRIA‐CVRN) Investigators. Health literacy and awareness of atrial
fibrillation. J Am Heart Assoc 2017 Apr 11;6(4):- [FREE Full text] [doi: 10.1161/JAHA.116.005128] [Medline: 28400367]
18. Halbach SM, Enders A, Kowalski C, Pförtner TK, Pfaff H, Wesselmann S, et al. Health literacy and fear of cancer progression
in elderly women newly diagnosed with breast cancer--a longitudinal analysis. Patient Educ Couns 2016 May;99(5):855-862.
[doi: 10.1016/j.pec.2015.12.012] [Medline: 26742608]
19. Davis TC, Long SW, Jackson RH, Mayeaux EJ, George RB, Murphy PW, et al. Rapid estimate of adult literacy in medicine:
a shortened screening instrument. Fam Med 1993 Jun;25(6):391-395. [Medline: 8349060]
20. Parker RM, Baker DW, Williams MV, Nurss JR. The test of functional health literacy in adults: a new instrument for
measuring patients' literacy skills. J Gen Intern Med 1995 Oct;10(10):537-541. [Medline: 8576769]
21. Weiss BD, Mays MZ, Martz W, Castro KM, DeWalt DA, Pignone MP, et al. Quick assessment of literacy in primary care:
the newest vital sign. Ann Fam Med 2005;3(6):514-522 [FREE Full text] [doi: 10.1370/afm.405] [Medline: 16338915]
22. Baker DW, Williams MV, Parker RM, Gazmararian JA, Nurss J. Development of a brief test to measure functional health
literacy. Patient Educ Couns 1999 Sep;38(1):33-42. [Medline: 14528569]
J Med Internet Res 2018 | vol. 20 | iss. 4 | e139 | p.11http://www.jmir.org/2018/4/e139/
(page number not for citation purposes)
Lalor et alJOURNAL OF MEDICAL INTERNET RESEARCH
XSL•FO
RenderX
23. Osborn CY, Weiss BD, Davis TC, Skripkauskas S, Rodrigue C, Bass PF, et al. Measuring adult literacy in health care:
performance of the newest vital sign. Am J Health Behav 2007;31 Suppl 1:S36-S46. [doi: 10.5555/ajhb.2007.31.supp.S36]
[Medline: 17931135]
24. Royer JM, Hastings CN, Hook C. A sentence verification technique for measuring reading comprehension. J Lit Res
1979;11(4):355-363. [doi: 10.1080/10862967909547341]
25. Mazor KM, Roblin DW, Williams AE, Greene SM, Gaglio B, Field TS, et al. Health literacy and cancer prevention: two
new instruments to assess comprehension. Patient Educ Couns 2012 Jul;88(1):54-60 [FREE Full text] [doi:
10.1016/j.pec.2011.12.009] [Medline: 22244323]
26. Mazor KM, Rogers HJ, Williams AE, Roblin DW, Gaglio B, Field TS, et al. The cancer message literacy tests: psychometric
analyses and validity studies. Patient Educ Couns 2012 Oct;89(1):69-75 [FREE Full text] [doi: 10.1016/j.pec.2012.06.018]
[Medline: 22789147]
27. Baker FB, Kim SH, editors. Item Response Theory: Parameter Estimation Techniques, Second Edition. Boca Raton, FL:
CRC Press; 2004.
28. Fries JF, Bruce B, Cella D. The promise of PROMIS: using item response theory to improve assessment of patient-reported
outcomes. Clin Exp Rheumatol 2005 Oct;23(5 Suppl 39):S53-S57. [Medline: 16273785]
29. Nguyen J, Moorhouse M, Curbow B, Christie J, Walsh-Childers K, Islam S. Construct validity of the eHealth Literacy
Scale (eHEALS) among two adult populations: a Rasch analysis. JMIR Public Health Surveill 2016 May;2(1):e24 [FREE
Full text] [doi: 10.2196/publichealth.4967] [Medline: 27244771]
30. Diviani N, Dima AL, Schulz PJ. A psychometric analysis of the Italian version of the eHealth literacy scale using item
response and classical test theory methods. J Med Internet Res 2017 Apr 11;19(4):e114 [FREE Full text] [doi:
10.2196/jmir.6749] [Medline: 28400356]
31. Aronson AR, Lang FM. An overview of MetaMap: historical perspective and recent advances. J Am Med Inform Assoc
2010;17(3):229-236 [FREE Full text] [doi: 10.1136/jamia.2009.002733] [Medline: 20442139]
32. Bodenreider O. The Unified Medical Language System (UMLS): integrating biomedical terminology. Nucleic Acids Res
2004 Jan 1;32(Database issue):D267-D270 [FREE Full text] [doi: 10.1093/nar/gkh061] [Medline: 14681409]
33. Royer JM, Greene BA, Sinatra GM. The sentence verification technique: a practical procedure for testing comprehension.
J Reading 1987;30(5):414-422.
34. Royer JM. Uses for the sentence verification technique for measuring language comprehension URL: http://citeseerx.
ist.psu.edu/viewdoc/download?doi=10.1.1.505.1224&rep=rep1&type=pdf [WebCite Cache ID 6uqvG932K]
35. Kardash CA, Royer JM, Greene BA. Effects of schemata on both encoding and retrieval of information from prose. J Educ
Psychol 1988;80(3):324-329. [doi: 10.1037/0022-0663.80.3.324]
36. Kardash CM, Scholes RJ. Effects of preexisting beliefs and repeated readings on belief change, comprehension, and recall
of persuasive text. Contemp Educ Psychol 1995 Apr;20(2):201-221. [doi: 10.1006/ceps.1995.1013]
37. Royer JM, Carlo MS. Assessing the language acquisition progress of limited English proficient students: problems and new
alternative. Appl Meas Educ 1991 Apr;4(2):85-113. [doi: 10.1207/s15324818ame0402_1]
38. Snow R, O'Connor B, Jurafsky D, Ng AY. Cheap and Fast, But is it Good? Evaluating Non-Expert Annotations for Natural
Language Tasks. In: Association for Computational Linguistics. Presented at: Proceedings of the Conference on Empirical
Methods in Natural Language Processing; October 25-27, 2008; Honolulu, Hawaii p. 254-263 URL: http://aclweb.org/
anthology/D08-1027
39. Sabou M, Bontcheva K, Scharl A. Crowdsourcing Research Opportunities: Lessons from Natural Language Processing.
2012 Presented at: 12th International Conference on Knowledge Management and Knowledge Technologies (iKnow-2012);
September 2012; New York, NY. [doi: 10.1145/2362456.2362479]
40. Demartini G, Difallah DE, Cudré-Mauroux P. ZenCrowd: Leveraging Probabilistic ReasoningCrowdsourcing Techniques
for Large-scale Entity Linking. 2012 Presented at: WWW '12 Proceedings of the 21st international conference on World
Wide Web; April 16-20, 2012; Lyon, France p. 496-478. [doi: 10.1145/2187836.2187900]
41. Zhai H, Lingren T, Deleger L, Li Q, Kaiser M, Stoutenborough L, et al. Web 2.0-based crowdsourcing for high-quality
gold standard development in clinical natural language processing. J Med Internet Res 2013;15(4):e73 [FREE Full text]
[doi: 10.2196/jmir.2426] [Medline: 23548263]
42. Good BM, Nanis M, Wu C, Su AI. Microtask crowdsourcing for disease mention annotation in PubMed abstracts. Pac
Symp Biocomput 2015:282-293 [FREE Full text] [Medline: 25592589]
43. Mortensen JM, Minty EP, Januszyk M, Sweeney TE, Rector AL, Noy NF, et al. Using the wisdom of the crowds to find
critical errors in biomedical ontologies: a study of SNOMED CT. J Am Med Inform Assoc 2015 May;22(3):640-648 [FREE
Full text] [doi: 10.1136/amiajnl-2014-002901] [Medline: 25342179]
44. Gottlieb A, Hoehndorf R, Dumontier M, Altman RB. Ranking adverse drug reactions with crowdsourcing. J Med Internet
Res 2015;17(3):e80 [FREE Full text] [doi: 10.2196/jmir.3962] [Medline: 25800813]
45. MacCallum RC, Browne MW, Sugawara HM. Power analysis and determination of sample size for covariance structure
modeling. Psychol Methods 1996;1(2):130-149. [doi: 10.1037//1082-989X.1.2.130]
46. Novick MR. The axioms and principal results of classical test theory. J Math Psychol 1966;3(1):1-18. [doi:
10.1016/0022-2496(66)90002-2]
J Med Internet Res 2018 | vol. 20 | iss. 4 | e139 | p.12http://www.jmir.org/2018/4/e139/
(page number not for citation purposes)
Lalor et alJOURNAL OF MEDICAL INTERNET RESEARCH
XSL•FO
RenderX
47. Brady CJ, Mudie LI, Wang X, Guallar E, Friedman DS. Improving consensus scoring of crowdsourced data using the Rasch
model: development and refinement of a diagnostic instrument. J Med Internet Res 2017 Jun 20;19(6):e222 [FREE Full
text] [doi: 10.2196/jmir.7984] [Medline: 28634154]
48. Rizopoulos D. ltm: an R package for latent variable modeling and item response theory analyses. J Stat Soft 2006;17(5):1-25.
[doi: 10.18637/jss.v017.i05]
49. Chalmers RP. mirt: a multidimensional item response theory package for the R environment. J Stat Soft 2012;48(6):1-29.
[doi: 10.18637/jss.v048.i06]
Abbreviations
AMT: Amazon Mechanical Turk
COPD: chronic obstructive pulmonary disease
EHR: electronic health record
HIT: Human Intelligence Task
ICC: item characteristic curve
IRT: item response theory
NVS: Newest Vital Sign
PHR: personal health record
REALM: Rapid Estimate of Adult Literacy in Medicine
SVT: Sentence Verification Technique
TOFHLA: Test of Functional Health Literacy in Adults
UMLS: Unified Medical Language System
3PL: 3-parameter logistic
Edited by G Eysenbach; submitted 10.11.17; peer-reviewed by S Kim, G Baumblatt, L Petersson, S Garcia; comments to author
07.12.17; revised version received 06.02.18; accepted 20.02.18; published 25.04.18
Please cite as:
Lalor JP, Wu H, Chen L, Mazor KM, Yu H
ComprehENotes, an Instrument to Assess Patient Reading Comprehension of Electronic Health Record Notes: Development and
Validation
J Med Internet Res 2018;20(4):e139
URL: http://www.jmir.org/2018/4/e139/ 
doi:10.2196/jmir.9380
PMID:29695372
©John P Lalor, Hao Wu, Li Chen, Kathleen M Mazor, Hong Yu. Originally published in the Journal of Medical Internet Research
(http://www.jmir.org), 25.04.2018. This is an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete
bibliographic information, a link to the original publication on http://www.jmir.org/, as well as this copyright and license information
must be included.
J Med Internet Res 2018 | vol. 20 | iss. 4 | e139 | p.13http://www.jmir.org/2018/4/e139/
(page number not for citation purposes)
Lalor et alJOURNAL OF MEDICAL INTERNET RESEARCH
XSL•FO
RenderX
